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Two studies plant a signpost on the road toward a robust and detailed chromatin interaction map.
Chromosome conformation capture (3C) technologies are transforming our understanding of genome spatial organization. However, our ability to infer chromatin interactions is limited by two difficult problems: generating high-resolution signals and separating signals from multiple sources of bias. Two new studies address these challenges. The first describes a novel workflow and computational pipeline for high-resolution 4C-seq 1 , and the second reports a new strategy for simultaneously eliminating multiple sources of bias from Hi-C data 2 .
Although the linear sequence of the human genome was mapped a decade ago, we have only just begun deciphering details of its spatial organization. Recent studies have shown that distant genomic elements (such as enhancers and promoters) can be brought into close proximity by chromatin interactions, transforming our understanding of gene regulation and emphasizing the importance of the three-dimensional chromatin structure. Our ability to map chromatin interactions is being revolutionized by 3C technology 3 . All 3C-based methods begin with the digestion of chromatin in fixed cells, followed by the re-ligation of cleaved DNA. In this way, they tie together DNA fragments that are in spatial proximity even if they are remote in sequence. The characterization of such ligation junctions (for example, by sequencing) yields a detailed map of chromatin interactions, averaged over a population of cells. The first 3C technology looked at certain loci, permitting a 'one-versus-one' exploration of interactions between two regions 3 . In contrast, 4C (refs. 4,5) and Hi-C 6 (and its variants [7] [8] [9] ) profile interactions across the entire genome on a 'one-versus-all' and 'all-versus-all' basis, respectively. 4C and Hi-C experiments cast a wide net, but these approaches have considerable costs: weaker signal at a given sequencing depth and the multiplication of possible biases with technical or biological sources.
A paper from the de Laat and Tanay groups (van de Werken et al.) 1 introduces a 4C-seq method of characterizing chromatin interactions at considerably higher resolution than was previously possible, paving the way for a more accurate and refined description of regulatory interactions at specific functional elements. Their approach begins with the usual steps of cross-linking, digestion and DNA ligation (Fig. 1a) . The ligated DNA entities, which at this point typically contain multiple restriction fragments, are subjected to an additional round of digestion by a different restriction enzyme. Ligation signals specific to the DNA region of interest (the 'viewpoint') are then amplified using inverse PCR, and next-generation sequencing is performed 1, 10 .
Importantly, to maximize the number of interacting fragments, both rounds of digestion use restriction enzymes with four-base specificity, which increases the pool of available fragments tenfold in comparison to that of previously used six-base cutters 1, 4, 10 . One might think that reducing the size of the fragments would suffice to increase resolution. However, increased resolution may also introduce increased bias. For example, by decreasing the average length of the primary restriction fragments, 4C-seq also increases the proportion of primary fragments that do not contain a secondary restriction site. Hence, the final solution contains some fragments that were digested twice and some only once. Because PCR amplification is more efficient for the shorter fragments, a systematic bias can be introduced in the readout. In addition, the experimental coverage is affected by multiple other biases, including the efficiency of the restriction enzymes and the mappability of sequenced fragments to the genome. Improved experimental power goes hand in hand with the need for a more rigorous statistical treatment of data biases.
van de Werken et al. 1 introduce a computational framework to correct biases by dividing restriction fragments into classes with similar features, such as GC content and fragment length. They apply two complementary strategies to correct the contact intensities. For longrange interactions, they estimate a background probability of coverage for each fragment class and calculate the enrichment between observed and expected fragment coverage for each class separately. For short-range interactions involving the region surrounding the viewpoint, a different procedure is necessary because contact coverage changes dramatically with sequence distance from the viewpoint. However, because the coverage profiles of different fragment classes represent the same underlying distribution, they can be compared after quantile normalization.
The authors demonstrated the significantly increased resolution of their new 4C-seq method on three different loci: β-globin, Oct4 and Satb1. They detected ~1,000 fragment ends in the 150-kilobase β-globin domain alone, compared to the few dozen reported in previous experiments. They further demonstrated that genome-wide contact profiles are highly reproducible between different viewpoints within the same locus. For instance, in the β-globin locus, 4C-seq robustly detects known DNA interactions and reveals contact details missed by other approaches, which may represent new regulatory interactions. The 4C-seq profile of Oct4 revealed specific contacts between the transcription start site and an unexpectedly distant domain 17 kilobases upstream. The 4C-seq profile for the Satb1 locus suggests that the large proximal domain acts as a regulatory scaffold, facilitating the high expression of Satb1 in T cells. Together, these experiments demonstrate that highresolution 4C-seq is a robust, efficient and direct method to screen the entire genome for regulatory DNA elements contacting a promoter of interest.
The second paper, contributed by the Mirny and Dekker groups (Imakaev et al.) 2 , focuses on genome-wide interactions among all regions at lower resolution. As with the 4C-seq method, Hi-C data are affected by multiple technical and biological biases that need to be corrected. This task is difficult, not just because one must imagine all possible sources of bias, but because the magnitude and direction of a given bias will vary between experimental protocols. To address this challenge, Imakaev et al. 2 developed an integrated pipeline that removes many biases from Hi-C data without a priori knowledge of their technical or biological sources. In other words, it removes biases in an unbiased way. The core assumption of Imakaev et al. 2 is that in an unbiased experiment all genomic regions should be detected with the same 'visibility' , meaning that they should be seen in the experiment with the same probability. Moreover, the authors assume that the visibility bias of each pairwise contact is factorizable; that is, it can be expressed as the product of two biases that depend only on the respective interacting regions. On the basis of these assumptions, the matrix of Hi-C raw counts can be iteratively normalized. In an iteration cycle, each entry of the Hi-C map is divided by the product of the visibility biases of the two interacting regions, where the bias of a region is calculated as the sum of the corresponding row normalized over the mean of all row sums. The resulting matrix then becomes input for the next iteration cycle. When the biases converge, the Hi-C map is transformed into a matrix of normalized relative contact probabilities whose rows and columns each sum to 1, which is a double stochastic matrix (Fig. 1b) . Unlike previous attempts to correct Hi-C data using only a single corrective cycle 6 , this iterative procedure achieves robust and stable normalization and eliminates all factorizable biases. Strikingly, when Imakaev et al. 2 applied their method to Hi-C data for a human lymphoblastoid cell line, the biases correlated extremely well with those restriction fragment-level biases recently identified using a probabilistic approach 11 , thereby mutually confirming the power of both methods.
The research of Imakaev et al. 2 is not limited to error analysis. The researchers performed an eigenvector decomposition of the corrected probability map and discovered interesting features of the multilevel chromatin organization that are not readily detectable in standard heat maps. In particular, their study suggests that contact probabilities depend on at least two factors: one related to the genomic sequence and local epigenetic chromatin states, and a second related to the region's position along the chromosome arm. They also applied their pipeline to the Hi-C data of humans and mice, which demonstrated remarkable evolutionary conservation of genome-wide chromosome organization in syntenic regions at the megabase level.
As evidenced by these two papers, we are seeing dramatic improvements in experimental technology and analysis methods to determine chromatin contact maps, a highly promising path toward understanding threedimensional genome structures. Such knowledge would drastically change our view of the human genome landscape. 1, 10 . Three possible contacts between the viewpoint DNA fragment (red) and other fragments (blue, green and yellow) mediated by proteins (gray circles) are shown. After the two rounds of digestion with two different 4-base cutting restriction enzymes, captured fragments containing the viewpoint sequence are amplified by inverse PCR and sequenced. P, primary restriction site; S, secondary restriction site. The 'one-versus-all' contact map is established by computational analysis. (b) Illustration of the iterative correction procedure on tethered chromosome conformation capture data 7 . The color bars (bottom) represent the magnitude of the row sums. In an iteration, each entry of the matrix is divided by the product of the visibility biases of the two interacting regions. After several iterations, the map converges to a normalized matrix in which each row and column sums to 1. The color scale ranges from blue (minimum) to red (maximum) values. 
